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Abstract

We report on a series of experiments with
convolutional neural networks (CNN)
trained on top of pre-trained word vec-
tors for sentence-level classification tasks.
We show that a simple CNN with lit-
tle hyperparameter tuning and static vec-
tors achieves excellent results on muli-
ple benchmarks. Leaming task-specific
vectors through fine-tuning offers further
gains in performance. We additionally
propose a simple modification to the ar-
chitecture to allow for the use of both
task-specific and static vectors. The CNN
models discussed herein improve upon the
state of the art on 4 out of 7 tasks, which
include sentiment analysis and question
classification.
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Sentence Classification Task
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1. Introduction
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1. Introduction
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2. model

Input = Convolution = Max pooling — Fully connected layer

wait [
for -
and I L[] %
do T =
I | I | I | |
n x k representation of Convolutional layer with Max-over-time Fully connected layer
sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output

Figure 1: Model architecture with two channels for an example sentence.



2. model
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2. model

- Convolution filter(window)
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2. model

- Max over time pooling(max pooling)
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2. model

- static
- non-static
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sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output
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2. model

- Multichannel
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3.3 Model Variations

* CNN-rand: 7|E0| &|= 23, word2vecE AME3}X| %43
« CNN-static: word2vecE A% B

«  CNN-non-static: CNN-staticl S5IX|2t word2vec/tX| t&0f| A2 (fine tuning)st 22!

fjo

« CNN-multichannel: static, non-static(fine tuning)2 et%l 222 multi channel2 7%l



3. Datasets and Experimental Setup

- MR: Z} 2|] & siLte| 28-S 71 st 2|F HIo|E M. SE/2F0| tet 2|0|= XS
 SST-1: MRe| & MH. iR =8N, =8H, SEH, 584, i 23X et 2ol= A=

e SST-2: SST-12 sYstX|at ZEIXel 2|5 X7 = 0|%l 2f|0|= M=

>.

» Subj: FEHG CIO[HA. E2EE F&H E= A2
 TREC: TREC ZZ HIO[EHMCZ, 67HX] HE /& (M, ?IAl
- CR:CiZet ME G2t MP3 S)2f 124 2|7 HO|E Y. SER/FE8X ElRSE 05

- MPQA : Z2 0{=10] Chet o|A =5 Cl|o|E4l. =3, 23, &, = Lol gt 2|0]=

I



3.1 Hyperparameters and Training

« ReLU(Rectified Linear Unit)

 filter windows (h) of 3, 4, 5 with 100 feature maps

e dropout rate (p) of 0.5

« |2 constraint (s) of 3

« mini-batch size of 50

« stochastic gradient descent over shuffled mini-batches

« Adadelta update rule



3.3 Model Variations
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Model MR | SST-1 | SST-2 | Subj | TREC| CR | MPQA
CNN-rand 76.1 | 45.0 82.7 | 8.6 | 91.2 | 79.8 | 834
CNN-static 81.0 | 45.5 86.8 93.0 | 928 | 84.7 | 89.6
CNN-non-static 81.5 | 48.0 87.2 93.4 | 93.6 | 84.3 | 89.5
CNN-multichannel 81.1 474 | 88.1 | 93.2 | 922 | 85.0 | 894
RAE (Socher et al., 2011) T7.7 | 43.2 82.4 — — — 86.4
MV-RNN (Socher et al., 2012) 79.0 44.4 82.9 — — — —
RNTN (Socher et al., 2013) — 45.7 85.4 — — — —
DCNN (Kalchbrenner et al., 2014) — 48.5 86.8 — 93.0 — —
Paragraph-Vec (Le and Mikolov, 2014) — 48.7 87.8 — — — —
CCAE (Hermann and Blunsom, 2013) 77.8 — — - — — 87.2
Sent-Parser (Dong et al., 2014) 79.5 — — — — — 86.3
NBSVM (Wang and Manning, 2012) 79.4 — — 93.2 — 81.8 | 86.3
MNB (Wang and Manning, 2012) 79.0 — — 93.6 — 80.0 | 86.3
G-Dropout (Wang and Manning, 2013) || 79.0 — - 93.4 — 82.1 | 86.1
F-Dropout (Wang and Manning, 2013) || 79.1 — — 93.6 — 819 | 86.3
Tree-CRF (Nakagawa et al., 2010) 7.3 — — — — 81.4 | 86.1
CRF-PR (Yang and Cardie, 2014) — — — — 82.7 —
SVMg (Silvaetal., 2011) — — — — 95.0 — —




3.3 Results and Discussion
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Model MR | SST-1 | SST-2 | Subj | TREC| CR | MPQA
CNN-rand 76.1 45.0 82.7 89.6 91.2 79.8 83.4
CNN-static 81.0 45.5 86.8 93.0 92.8 84.7 | 89.6
CNN-non-static 81.5 | 48.0 87.2 93.4 93.6 84.3 89.5
CNN-multichannel 81.1 47.4 88.1 93.2 022 | 85.0 | 894




4.1 Multichannel vs. Single Channel Models
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4.2 Static vs. Non-static Representations

Most Similar Words for

Static Channel

Non-static Channel

good terrible
bad terrible horrible
horrible lousy
lousy stupid
great nice
c00d bad decent
terrific solid
decent terrific
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't ca never
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wo neither
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, entire lush
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changer terrific
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valiant and
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4.3 Further Observation
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5. Conclusion
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